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Abstract: With increasingly prominent environmental problems, controlling automobile exhaust has
become essential to the environment. The fuel consumption of transportation is the critical factor
that determines exhaust gas. By analyzing the naturalistic driving data of heavy-duty diesel trucks
(HDDTs), this paper explored the influence of engine technical state, road features, weather, and
temperature conditions on fuel consumption during driving. The detailed process is as follows:
Firstly, we collected 1153 naturalistic driving data from 34 HDDTs and made a specific analysis and
summary description of the data; secondly, by establishing a binary Logistic regression model, we
quantitatively explored the influence of significant factors on the fuel consumption; meanwhile,
based on quantitative analysis of factor’s effectiveness, this research used several machine learning
algorithms (back-propagation neural network, decision tree, and random forest) to build fuel con-
sumption predictors, and compared the prediction performance of different algorithms. The results
showed that the prediction accuracy of the decision tree, back-propagation (BP) neural network,
and random forest is 81.38%, 83.98%, and 86.58%, respectively. The random forest showed the best
performance in predicting. The conclusions can assist transportation companies in formulating
driving training strategies and contribute to reducing energy consumption and emissions.

Keywords: environmental protection; fleet management system; heavy-duty diesel trucks; prediction
of fuel consumption; binary Logistic regression; machine learning

1. Introduction
1.1. Background

At present, emphasizing the sustainable development of the environment and energy
has become a prerequisite for the operation of industries around the world, especially
for the transportation industry. The fuel used by motor vehicles mainly comes from non-
renewable energy, such as oil and will produce greenhouse gases and harmful emissions
during operation. Therefore, in the context of oil scarcity and atmospheric degradation,
sustainable development projects have made the reduction of vehicle fuel consumption a
priority. As the main body of road transport, HDDTs generally consume much more fuel
than other types of vehicles due to their characteristics, such as large load and long-haul
distance. So, it is crucial to analyze the mechanism of the frequent occurrence of high fuel
consumption in HDDTs.

The fuel consumption of HDDTs is influenced by various factors [1]. Evaluating the
fuel consumption based on mileage is a traditional measure for logistics and transporta-
tion companies. However, this method only considers a single factor and has a simple
evaluation process, and it cannot reflect the comprehensive impact of human-vehicle-road-
environment and other factors. An incomplete understanding of the influencing factors
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under actual driving conditions will not be conducive to forming a sustainable low-carbon
driving system for the entire society.

1.2. Literature Review
1.2.1. Research on Factors Influencing Fuel Consumption

Various factors influence the fuel consumption level of HDDTs in a complex environ-
ment. Related studies generally divided the elements into six categories: travel-related,
weather-related, vehicle-related, roadway-related, traffic-related, and driver-related fac-
tors [2]. These factors were coupled with each other, and they affected the fuel consumption
of HDDTs to different degrees.

Hlasny et al. [3] discussed the effects of driver behavior, road conditions, weather,
and traffic on fuel consumption of heavy-duty vehicles. They found that changing driving
behavior according to these factors before and during driving can reduce fuel consumption.
After consulting the relevant literature, it is found that few studies are describing the
influencing factors of the fuel consumption of trucks. Therefore, this section also discussed
the relevant research of other models. Li et al. [4] analyzed 10-month long-term data
collected by private cars in Toyota, and the study explored the relationship between fuel
consumption efficiency and drivers’ characteristics. They found that some factors have
significant influences on the fuel consumption of cars while some elements are almost
negligible. Chen et al. [5] developed a mesoscopic fuel consumption estimation model
which included predictors that were hardly regarded before, such as the number of lanes
and free-flow speed. The results of the study showed that these factors also have an impact
on motor vehicle fuel consumption.

In this paper, the factors affecting fuel consumption were divided into four categories:
vehicle-related factors, environment-related factors, driving-related factors, and road-
related factors. Vehicle-related factors include three types: engine technical state, driving
system technical state, and transmission system technical state [6]. The environment-related
factors can be divided into five main aspects: average altitude, temperature, humidity,
wind, and weather conditions. The differences in drivers’ performance on fuel consumption
are reflected in both the long-term and the short-term. The long-term performance will
be divided explicitly into long-term driving styles, long-term driving habits, and going
qualifications. In contrast, short-term performance includes driving styles influenced by
weather and date [7]. Road-related factors contain road features and road geometry, such
as road curvature and slope, as well as mileage [8]. The categories of influencing factors
are clearly shown in Table 1.

Table 1. The categories of influencing factors.

Factors Source

Vehicle-related
Engine technical state

[6]Driving system technical state
Transmission system technical state

Environment-related

Average altitude

[7]
Temperature

Humidity
Wind

Weather conditions

Driving-related

Long-term driving styles

[7]
Long-term driving habits

Going qualifications
Driving styles influenced by weather and date

Road-related
Road features

[8]Road geometry
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1.2.2. Research on Fuel Consumption Model

In recent years, scholars have focused on constructing the fuel consumption model
under the influence of multiple factors, and the modeling method is gradually diversified
with more accuracy.

The commonly used physical models for fuel consumption calculation include vehicle
specific power (VSP) model, Virginia Tech microscopic (VT-Micro) model, and comprehen-
sive modal emissions model (CMEM), etc. However, these models have more coefficients
and the model calibration process is complicated. Wang et al. [9] developed a VSP-based
fuel consumption calculation model using a portable exhaust emission measurement sys-
tem, but the accuracy range of this model is not high. Xiang et al. [10] established a database
containing the actual driving information of heavy trucks, developed an effective model
that can quantitatively calculate the driving fuel consumption of vehicles, but this model
did not verify the calculation accuracy. J. Wang & Rakha [11] constructed a fuel prediction
model of heavy-duty trucks based on Virginia Tech Comprehensive Power-based Fuel
consumption Model (VT-CPFM) and calibrated the model with field test data. The results
showed that the prediction accuracy of this model was better than that of CMEM.

Machine learning methods have been widely used in fuel consumption analysis with
data mining and information technology development. The advantage of exploring fuel
consumption prediction accuracy with machine learning models over physical models is
that large-scale samples can be processed quickly and efficiently. Although the prediction
accuracy may not be as good as physical models, the machine learning algorithms are
updated and iterated quickly and have fewer bottlenecks. Ma et al. [12] used the C4.5
decision tree to evaluate the influence of driving behavior on the fuel of urban buses
during acceleration. This model had more than 85% prediction accuracy with fewer
training samples and strong generalization ability. Du et al. [13] used a BP neural network
to establish a fuel consumption prediction model, which analyzed fuel consumption
level from the time dimension and space dimension, to comprehensively describe the
relationship between fuel consumption and influencing factors. The results showed that
the BP neural network established in this article has good performance and is suitable for
fuel prediction. Wysocki et al. [14] proposed a method based on an artificial neural network,
which achieved the goal of high-precision prediction of diesel engine fuel consumption.

1.2.3. Research on Fleet Management System

Nowadays, most logistics and transportation enterprises have begun to build the
internal fleet intelligent management system. Compared with manual recording, this
advanced digital monitoring and collection method is more accurate and convenient, and
the collected data is more diversified. Current research focuses on how to process and
use the data collected by the fleet intelligent management system. Carrying on in-depth
analysis of these data and mastering the law of fuel consumption during vehicle operation
can reduce the fuel consumption of HDDTs to a certain extent.

In freight transportation, there are many fleet management systems based on remote
information monitoring, like Bluetree, Verizon Connect, GPS Insight, and so on [15]. Most
transportation enterprises track and collect data through on-board sensors installed on the
vehicle. Various data collected by these sensors, such as speed, fuel consumption, real-time
positioning, engine temperature, etc., are essentially the transmission of vehicle driving
environment, driving status, driver behavior, and other information. Then the collected
data is sent back to the enterprise’s internal database; that is, the real-time data tracking is
completed, and the collected data can be used for subsequent analysis.

On-board diagnostics (OBD) and global positioning systems (GPS) are usually the
most frequently used real-time detection equipment in the fleet management system.
Walnum and Simonsen [16] made a systematic analysis of the data collected by the fleet
management system. They confirmed that different driving modes have different impacts
on fuel consumption under other environmental conditions. According to the on-board
data recorder, Toledo and Shiftan [17] evaluated the effects of different environments on
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the driving process to improve driving safety and reduce fuel consumption. Based on the
real-time driving and fuel consumption data collected by on-board sensors, Sun et al. [18]
estimated the fuel consumption of diesel buses by establishing the corresponding fuel
consumption model. Based on the on-board measurement system installed on the vehicle,
Guo et al. [19] recorded the fuel consumption and emissions per second. They established
the vehicle fuel consumption and emissions model by collecting different types of data
many times. Similarly, Faria et al. [20] used a commercial vehicle data recorder to collect
a large number of actual vehicle operation data to more comprehensively study driving
behavior’s impact on fuel consumption.

1.3. Research Objectives and Innovation

Through the above research, we can see that fleet management systems have become
extremely frequent with the popularity of big data. Many studies use on-board sensors
to record real-time vehicle operation data. However, large transportation enterprises still
have blind areas of knowledge on how to use the data collected by the fleet management
system effectively. The collected data has not been fully and concretely used and can’t play
to the maximum value. The capital and efforts invested by the enterprises are not equal to
the returns. In addition, the existing fuel consumption prediction approaches also have
some limitations. The fuel consumption models used in the above studies are independent;
they can’t be reflected in the same dimensional scenario, so it is difficult to decide which
approach is more suitable.

This research took a small and medium-sized logistics enterprise engaged in national
and provincial trunk road logistics transportation as the research case to solve these prob-
lems. By making full use of the actual data collected by the fleet management system,
this paper constructed the binary Logistic regression model, the neural network model,
the decision tree model, and the random forest model, respectively, to analyze the fuel
consumption of HDDTs. The conclusion of this paper is helpful for enterprises to for-
mulate fuel-saving strategies from the perspective of drivers’ behavior training and has
far-reaching significance for reducing exhaust gas and environmental pollution.

The main innovations of this paper can be summarized as follows: First, it shows
how to make full use of the real-time operation data collected by the fleet management
system inside the enterprise to analyze the fuel consumption of vehicles. Second, this paper
discusses the influence of different factors of humans, vehicles, roads, and the environment
on the fuel consumption of HDDTs. Third, the performance of different fuel consumption
prediction methods in HDDTs’ fuel consumption analysis is compared.

A brief overview of this paper is now provided. The experimental models used in
this research will be briefly described in the next section, followed by an overview of the
data. Then through the binary Logistic regression model, the influencing factors related
to the fuel consumption of HDDTs are analyzed. The prediction model suitable for the
specific situation of this paper is selected through the comparison of prediction accuracy
among machine learning models. The simple structural framework of this paper is shown
in Figure 1.



Energies 2021, 14, 8106 5 of 18

Energies 2021, 14, x FOR PEER REVIEW 4 of 18 
 

 

fuel consumption under other environmental conditions. According to the on-board data 
recorder, Toledo and Shiftan [17] evaluated the effects of different environments on the 
driving process to improve driving safety and reduce fuel consumption. Based on the real-
time driving and fuel consumption data collected by on-board sensors, Sun et al. [18] es-
timated the fuel consumption of diesel buses by establishing the corresponding fuel con-
sumption model. Based on the on-board measurement system installed on the vehicle, 
Guo et al. [19] recorded the fuel consumption and emissions per second. They established 
the vehicle fuel consumption and emissions model by collecting different types of data 
many times. Similarly, Faria et al. [20] used a commercial vehicle data recorder to collect 
a large number of actual vehicle operation data to more comprehensively study driving 
behavior’s impact on fuel consumption. 

1.3. Research Objectives and Innovation 
Through the above research, we can see that fleet management systems have become 

extremely frequent with the popularity of big data. Many studies use on-board sensors to 
record real-time vehicle operation data. However, large transportation enterprises still 
have blind areas of knowledge on how to use the data collected by the fleet management 
system effectively. The collected data has not been fully and concretely used and can’t 
play to the maximum value. The capital and efforts invested by the enterprises are not 
equal to the returns. In addition, the existing fuel consumption prediction approaches also 
have some limitations. The fuel consumption models used in the above studies are inde-
pendent; they can’t be reflected in the same dimensional scenario, so it is difficult to decide 
which approach is more suitable. 

This research took a small and medium-sized logistics enterprise engaged in national 
and provincial trunk road logistics transportation as the research case to solve these prob-
lems. By making full use of the actual data collected by the fleet management system, this 
paper constructed the binary Logistic regression model, the neural network model, the 
decision tree model, and the random forest model, respectively, to analyze the fuel con-
sumption of HDDTs. The conclusion of this paper is helpful for enterprises to formulate 
fuel-saving strategies from the perspective of drivers’ behavior training and has far-reach-
ing significance for reducing exhaust gas and environmental pollution. 

The main innovations of this paper can be summarized as follows: First, it shows how 
to make full use of the real-time operation data collected by the fleet management system 
inside the enterprise to analyze the fuel consumption of vehicles. Second, this paper dis-
cusses the influence of different factors of humans, vehicles, roads, and the environment 
on the fuel consumption of HDDTs. Third, the performance of different fuel consumption 
prediction methods in HDDTs’ fuel consumption analysis is compared. 

A brief overview of this paper is now provided. The experimental models used in 
this research will be briefly described in the next section, followed by an overview of the 
data. Then through the binary Logistic regression model, the influencing factors related 
to the fuel consumption of HDDTs are analyzed. The prediction model suitable for the 
specific situation of this paper is selected through the comparison of prediction accuracy 
among machine learning models. The simple structural framework of this paper is shown 
in Figure 1. 

 
Figure 1. The simple structural framework. 

  

Figure 1. The simple structural framework.

2. Data and Method
2.1. Data
2.1.1. Data Source

This paper took TopChains International Logistics Co., Ltd. (Shenzhen, China) as
a research case to study the fuel consumption characteristics of HDDTs. TopChains In-
ternational Logistics Co., Ltd. is a modern small and medium-sized logistics company.
The HDDTs studied in this paper are the Shandeka SITRAK heavy semi-trailer tractors
belonging to Sinotruk corporation (Jinan, China). The specific parameters are shown in
Table 2.

Table 2. Parameters of Shandeka SITRAK HDDTs.

Parameter Type Parameter Value Parameter Type Parameter Value

Drive form 4X2 or 6X2R Vehicle weight 8.54 tons
Engine Sinotruk MC13.54-50 Total mass 25 tons

Maximum horsepower 540 horsepower Fuel type diesel
Emission standards National five Number of passengers 3 people

Gearbox ZF16S2530 TO Displacement 12.419 L

The data were collected from the SINOTRUK Intelligent Platform of TopChains In-
ternational Logistics Co., Ltd., which is applied to HDDTs’ management and monitoring.
This platform has entered the information of the company’s 34 HDDTs engaged in the
general transportation and logistics business. It performs real-time positioning monitoring
and data back statistics through the vehicle network terminal management system. The
concrete operation interface of the platform is shown in Figure 2.

Energies 2021, 14, x FOR PEER REVIEW 5 of 18 
 

 

2. Data and Method 
2.1. Data 
2.1.1. Data Source 

This paper took TopChains International Logistics Co., Ltd. as a research case to 
study the fuel consumption characteristics of HDDTs. TopChains International Logistics 
Co., Ltd. is a modern small and medium-sized logistics company. The HDDTs studied in 
this paper are the Shandeka SITRAK heavy semi-trailer tractors belonging to Sinotruk 
corporation (Jinan, China). The specific parameters are shown in Table 2. 

Table 2. Parameters of Shandeka SITRAK HDDTs. 

Parameter Type Parameter Value Parameter Type Parameter Value 
Drive form 4X2 or 6X2R Vehicle weight 8.54 tons 

Engine Sinotruk MC13.54-50 Total mass 25 tons 
Maximum horsepower 540 horsepower Fuel type diesel 

Emission standards National five Number of passengers 3 people 
Gearbox ZF16S2530 TO Displacement 12.419 L 

The data were collected from the SINOTRUK Intelligent Platform of TopChains In-
ternational Logistics Co., Ltd., which is applied to HDDTs’ management and monitoring. 
This platform has entered the information of the company’s 34 HDDTs engaged in the 
general transportation and logistics business. It performs real-time positioning monitor-
ing and data back statistics through the vehicle network terminal management system. 
The concrete operation interface of the platform is shown in Figure 2. 

 
Figure 2. Operation page of SINOTRUK Intelligent Platform. 

The platform obtains data, such as the positioning information and the technical sta-
tus of vehicles through the GPRS system, which comprises vehicle hardware of the vehicle 
terminal, satellite positioning system, and mobile network. It transmits the data back to 
the mobile gateway and enters them into the intelligent library of SINOTRUK for reflec-
tion on the platform. The specific principle is shown in Figure 3. 

Figure 2. Operation page of SINOTRUK Intelligent Platform.



Energies 2021, 14, 8106 6 of 18

The platform obtains data, such as the positioning information and the technical status
of vehicles through the GPRS system, which comprises vehicle hardware of the vehicle
terminal, satellite positioning system, and mobile network. It transmits the data back to the
mobile gateway and enters them into the intelligent library of SINOTRUK for reflection on
the platform. The specific principle is shown in Figure 3.
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2.1.2. Data Processing

(1) Specific data types

Through mining and analyzing the collected data, it was found that the vehicle-related
factors affecting the fuel consumption of HDDTs include seven continuous variables:
weight, average rotating velocity, standard deviation rotating velocity, average velocity,
standard deviation velocity, economic rotating velocity ratio, and non-economic rotating
velocity ratio. These were obtained directly through the single truck operating status
information of the Sinotruk Intelligent Platform.

There were five variables in environment-related factors. The average altitude and
altitude change were continuous variables, and another three discrete variables included
temperature, weather, and holiday. The weather data were represented by precipitation
intensity. A truck traveled through several cities in one day, and the temperature and
climate of each city were different. According to the replay information of the vehicle’s
trajectory, the city where the truck was located each time could be known. Each area’s
temperature and precipitation intensity could be obtained by checking the weather data
obtained from the China Meteorological Administration. Knowing the length of stay
and the corresponding temperature and precipitation in each stop city, the weighted
temperature, and rain of the day can be obtained by Equations (1) and (2).

T =
∑(Tn × Mn)

∑ Mn
(1)

P =
∑(Pn × Mn)

∑ Mn
(2)

In these formulas, T represents temperature, and P represents precipitation inten-
sity, while Mn represents the time of a truck driving in the nth city, and Tn, Pn are the
temperature and precipitation intensity when the vehicle is driving in that city.
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The driving-related factors mainly included neutral taxiing ratio, gear taxiing ratio,
idle speed ratio, and parking time ratio; the road-related factors included the mileage and
the road classifications of driving, such as freeway, national highway, province highway,
and other ordinary roads. All these were continuous variables.

(2) Data standardization

To reasonably determine the fuel consumption threshold (high, normal), this paper
used the quartile of fuel consumption per 100 km to calibrate it discretely. When the
fuel consumption per 100 km was higher than the overall upper quartile (that means
the fuel consumption per 100 km is higher than 75% of the fuel consumption level), it
would be labeled as the high fuel consumption. The rest would be judged as normal
fuel consumption.

The study included four discrete variables: weather, temperature, holiday, and fuel
consumption per 100 km. The statistics of discrete variables are primarily recorded in
words, and data mining processing software can’t identify and analyze these records. It is
necessary to standardize the discrete data and convert them into coding symbols that the
data mining processing software can recognize. The standardized processing results are
shown in Table 3.

Table 3. Standardized treatment for discrete variables.

Discrete Data Name Classification Description Standardized Value

Holiday Yes 1
No 0

Temperature

Under 10 ◦C 0
11–15 ◦C 1
16–20 ◦C 2
21–25 ◦C 3
25–30 ◦C 4

More than 30 ◦C 5

Weather
No rain 0

Precipitation 1–8 mm 1
Precipitation 10–20 mm 2

Fuel consumption per 100 km Normal fuel consumption 0
High fuel consumption 1

(3) Data summary statistics

In a word, the data set contained a total of 1153 pieces of data. The data set included
21 independent variables, and the dependent variable was fuel consumption per 100 km.
The summary description results are shown in Table 4.

Table 4. The summary of HDDTs’ naturalistic driving data.

Variable Name (Type) Definition

Driving Characteristics

Neutral taxiing ratio(continuous) Percentage of truck driving time with no engine load during a trip
Gear taxiing ratio(continuous) Percentage of truck driving time with engine load during a trip
Idle speed ratio(continuous) Percentage of time spent idling during a trip

Parking time ratio(continuous) Percentage of time spent parking during a trip



Energies 2021, 14, 8106 8 of 18

Table 4. Cont.

Variable Name (Type) Definition

Environment Characteristics

Average altitude(continuous) Average altitude per trip/(100 m)
Altitude change(continuous) The change of altitude per trip/(100 m)

Holiday(discrete) A discrete variable indicating whether the driving day is a holiday
Temperature(discrete) A discrete variable indicating outdoor temperature while driving

Weather(discrete) A discrete variable indicating weather while driving, expressed in precipitation in this paper

Vehicle Characteristics

Weight(continuous) Average cargo weight per trip/(ton)
Average rotating velocity(continuous) Average engine rotating velocity per trip/(100 r/min)

Standard deviation rotating
velocity(continuous) The standard deviation of engine rotating velocity per trip

Average velocity(continuous) Average speed per trip/(km/h)
Standard deviation velocity(continuous) The standard deviation of speed per trip

Economic rotating velocity ratio(continuous) Percentage of truck driving time in the economic rotating velocity range during a trip
Non-economic rotating velocity

ratio(continuous) Percentage of truck driving time in the non-economic rotating velocity range during a trip

Road Characteristics

Freeway(continuous) Percentage of distance the truck travels on freeways during a trip
National road(continuous) Percentage of distance the truck travels on ordinary national roads during a trip

Provincial road(continuous) Percentage of distance the truck travels on ordinary provincial roads during a trip
Other ordinary roads(continuous) Percentage of distance the truck travels on other low-grade roads during a trip

Mileage(continuous) Mileage during a trip

Fuel consumption(discrete) Fuel consumption per hundred kilometers for each trip

2.2. Methodology

The methods used in this study to handle the above data are as follows:

2.2.1. Binary Logistic Regression

Logistic regression is a method of modeling and analysis based on the fitting of
nonlinear relationships, which is used to study the interactions and dependencies between
independent and dependent variables. The independent variables can be either continuous
or discrete or a combination of the two. It does not require that the residuals of the variables
satisfy normal distribution, nor does it need a linear correlation between the variables, so
its results are more objective [21]. Through Logistic analysis, the influencing weights of
dependent variables under the coupling of independent variables can be obtained. The
significant influencing factors can be extracted, and the probability of dependent variables
can be predicted based on the coefficients.

Logistic regression can be divided into two models: binary classification and multi-
nomial classification. In the binary classification model, the dependent variable can only
take 0 or 1, while in the multinomial classifications model, the dependent variable can be
divided into several categories. The binary Logistic model would explore the relationship
between various factors and the fuel used in this study. The basic form of binary Logistic
model is as follows:

Ln(
P

1 − P
) = β0 + β1x1 + β2x2 + . . . + βnxn, n = 1, 2 . . . (3)

Among them, x1, x2 . . . xn are explanatory variables, while β1, β2 . . . βn represent the
regression coefficients. P stands for the probability that the classification result is 1 [22]. In
this paper, the dependent variables are divided into two categories (high fuel consumption
and normal fuel consumption). 1 represents high fuel consumption, and 0 represents
normal fuel consumption. And x1, x2 . . . xn, in this paper, mean the factors which will
affect the fuel consumption of HDDTs.
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2.2.2. BP Neural Network

BP artificial neural network is a multilayer feedforward neural network based on error
back-propagation. It has the characteristics of nonlinear mapping, adaptive learning, and
robust fault tolerance and is suitable for dealing with nonlinear problems. It is mainly
composed of an input layer, one or more hidden layers, and an output layer, and each layer
is formed of several neurons. The output values of each node are determined by input
values, excitation function, and threshold values [23].

The algorithm includes two processes: forward propagation of signal and back-
propagation of error [24]. In forwarding propagation, the input values act on the output
nodes through hidden layers and generate the output signals through nonlinear transfor-
mation. Then through the process of error back-propagation, the connection weights are
continuously modified until the error signals are minimized and the output values meet
the required accuracy. The most basic three-layer BP neural network structure is shown in
Figure 4.
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In Figure 4, Wij represents the connection weight between the input and the hidden
layer, Wjk describes the connection weight between the hidden and the output layer. In
addition, for each neuron in the output layer, there is also a threshold that regulates the
level of neuron excitement. The weight and threshold are initially given arbitrary values.
Then after a cyclic process of back-propagation, they are continuously updated according
to the error signals until they meet the accuracy requirements [25].

In this research, input values are independent variables that have vital impacts on fuel
consumption of HDDTs; output values are predicted fuel consumption. The output values
will be compared with the actual values to judge whether the performance of the BP neural
network model is suitable for the fuel consumption prediction of HDDTs under a natural
driving state in this study.

2.2.3. Decision Tree

The decision tree is a commonly used classification machine learning method. It can
be divided into the classification and regression trees: the former outputs classifications,
and the latter outputs numerical values.

CART decision tree belongs to the classification regression tree; its binary tree structure
is intuitive and stable. It is suitable for processing large quantities of data, and the speed
is fast. The constructed decision tree starts from the root-node and divides the complex
data set into specific types by generating gradually refined branches. The specific types
are represented by leaf-nodes [26]. As such, the decision tree can categorize the data
intuitively. However, during the modeling process of the CART classification tree, if the
growth of branches is not restricted, the decision tree will be too complex, and the accuracy
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of the model will decrease. To improve the precision of the decision tree and prevent the
overfitting of the model, the decision tree should be pruned.

The main processes of the CART decision tree algorithm are branching and pruning.
According to the principle of minimum Gini coefficient, a feature is selected from the points
of the given training sample set as the splitting standard, then generate the corresponding
child-nodes recursively from top to bottom according to it, until the data set can no longer
be divided. The pruning process of the decision tree can be divided into pre-pruning and
post-pruning. This paper chose the method of post-pruning: if the tree grows too large, the
pruning criterion is used to reduce the node to a more suitable size according to the error
rate. In this way, the problem of overfitting the decision tree is avoided [27].

In this paper, the influencing factors related to fuel consumption of HDDTs are the
selected segmentation standards. Then it is divided layer by layer from the root-node
according to the standards. The final output leaf-nodes are the classification result values:
high fuel consumption and normal fuel consumption.

2.2.4. Random Forest

Random forest is a machine learning algorithm published by Breiman [28]. It contains
multiple decision trees trained by bagging integration technology, and the final learning
result is voted by the output results of all decision trees. Its basic unit is the decision tree,
and its essence belongs to the integrated learning method. The random forest algorithm
has better prediction accuracy for high-dimensional problems and generally does not suffer
from overfitting [29].

The random forest algorithm has two main links: the growth of the decision tree and
the voting process. When constructing the classification tree, the random forest will take
the bootstrap sampling method to randomly select the sample set from the sample data
and repeat k times to form a new training sample set. Then randomly choose m (m < M)
features from M input features and choose one element from m features for the branch
growth according to the principle of minimum node impurity. Repeating the above process
to generate all branches until all the attributes have been used or the tree can accurately
classify the training set. It should be noted that m remains constant throughout the process.
To minimize the impurity of each node, the regular pruning operation is not performed. In
general, hundreds to thousands of classification trees are generated randomly in a random
forest algorithm, and the final output value will be determined by voting [30].

Similar to the decision tree algorithm, the random forest model in this paper also
recurses the tree with the influencing factors of fuel consumption as eigenvalues, and
finally generates the classification result values of fuel consumption of HDDTs.

In the above methods, the binary the Logistic model is used to qualitatively explain
the relationship between the influencing factors and the fuel consumption of HDDTs, and
by comparing the actual fuel consumption value and the predicted fuel consumption value
(that is, the prediction accuracy) of the BP neural network model, CART decision tree
model and random forest model, the prediction model most suitable for the driving process
of HDDTs in this study is selected.

3. Modeling Results and Discussions

In this section, the binary Logistic regression model focused on explanation was
combined with the BP neural network model, the decision tree model, and the random
forest model focused on prediction to extract significant influencing factors and discuss the
occurrence mechanism of high fuel consumption in a natural driving environment. Then,
the result of classification prediction tests of each model was compared.

3.1. Binary Logistic Regression Model

(1) Collinearity diagnosis of variables

It is necessary to diagnose the collinearity of the independent variables and eliminate
the variables with collinearity before performing binary Logistic regression to make the
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model regression results more accurate and reliable. Collinearity diagnosis was made for 21
variables in the influencing factors of the fuel consumption of HDDTs [31]. The diagnostic
coefficient results are shown in Table 5.

Table 5. Collinearity diagnosis coefficients.

VIF 1/VIF VIF 1/VIF

Weight 2.845 0.352 Idle speed ratio 90,579.430 0.000
Freeway 991.271 0.001 Non-economic rotating velocity ratio 87,492.734 0.000

National road 264.490 0.004 Parking time ratio 602,7043.000 0.000
Provincial road 315.954 0.003 Average altitude 2.781 0.360

Other ordinary roads 535.602 0.002 Altitude change 3.331 0.300
Mileage 39.075 0.026 1.Holiday 1.103 0.906

Average rotating velocity 4.521 0.221 1.Temperature 1.998 0.501
Standard deviation rotating velocity 5.499 0.182 2.Temperature 1.996 0.501

Average velocity 5.751 0.174 3.Temperature 1.707 0.586
Standard deviation velocity 3.366 0.297 4.Temperature 1.425 0.702

Economic rotating velocity ratio 4,832,594.500 0.000 5.Temperature 1.119 0.894
Neutral taxiing ratio 16,775.566 0.000 1.Weather 1.104 0.905

Gear taxiing ratio 7721.713 0.000 2.Weather 1.039 0.962
Mean VIF 425,553.600

When the variance inflation factor (VIF) > 10, there may be multicollinearity between
variables [32]. It can be seen from the table that the data have serious collinearity. The
factors with VIF more outstanding than ten are removed here, and the following elements:
weight, average rotating velocity, standard deviation rotating velocity, average velocity,
standard deviation velocity, average altitude, altitude change, holiday, temperature, and
weather will be included in the binary Logistic regression model.

(2) Binary Logistic regression model

The ten factors filtered out above were entered into the STATA software as explanatory
variables for binary Logistic regression analysis, and the regression results are shown in
Table 6.

Table 6. Binary Logistic regression model results.

Fuel Consumption Coef. St.Err. t-Value p-Value 95% Conf Interval Sig

Weight 1.617 0.055 14.020 0.000 1.512 1.730 ***
Average rotating velocity 0.989 0.002 −6.320 0.000 0.985 0.992 ***

Standard deviation rotating velocity 0.984 0.005 −3.410 0.001 0.975 0.993 ***
Average velocity 0.769 0.017 −11.780 0.000 0.736 0.803 ***

Standard deviation velocity 0.887 0.034 −3.130 0.002 0.823 0.956 ***
Average altitude 1.002 0.001 2.700 0.007 1.001 1.004 ***
Altitude change 0.999 0.000 −1.330 0.184 0.998 1.000

0.Holiday base
1.Holiday 0.923 0.586 −0.130 0.900 0.266 3.206

0.Temperature base
1.Temperature 0.796 0.212 −0.860 0.392 0.473 1.341
2.Temperature 1.000 0.291 −0.000 1.000 0.566 1.768
3.Temperature 1.777 0.603 1.700 0.090 0.914 3.455 *
4.Temperature 1.240 0.605 0.440 0.659 0.477 3.227
5.Temperature 18.100 14.03 3.740 0.000 3.962 82.698 ***

0.Weather base
1.Weather 0.552 0.154 −2.130 0.033 0.320 0.954 **
2.Weather 0.935 0.931 −0.070 0.946 0.133 6.587
Constant 1,184,552.6 2,242,029.9 7.39 0 29,004.515 48,377,460 ***

Comment: *** p < 0.01, ** p < 0.05, * p < 0.1.

It can be seen from the above table that the eight variables of weight, average rotating
velocity, standard deviation rotating velocity, average velocity, standard deviation velocity,
average altitude, temperature, and weather are significant under the 95% confidence level.
What’s more, the change of the probability value of the explained variable can be judged
from the coefficient values of the explanatory variables. Still, the specific weight of the
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change can’t be seen intuitively. Therefore, the margins command was utilized to analyze
its marginal effects, and the results are shown in Table 7.

Table 7. Results of marginal effects.

Variables Odds Ratio Std.Err. z p > z 95% Conf. Interval

Weight 0.046 0.004 12.640 0.000 *** 0.039 0.054
Average rotating velocity −0.001 0.000 −6.200 0.000 *** −0.001 −0.001

Standard deviation rotating velocity −0.002 0.000 −3.420 0.001 *** −0.002 −0.001
Average velocity −0.025 0.002 −11.000 0.000 *** −0.030 −0.021

Standard deviation velocity −0.012 0.004 −3.060 0.002 *** −0.019 −0.004
Average altitude 0.001 0.000 2.700 0.007 *** 0.000 0.000
Altitude change −0.000 0.000 −1.320 0.187 −0.000 0.000

1.Holiday −0.007 0.058 −0.130 0.897 −0.121 0.106
1.Temperature −0.019 0.023 −0.830 0.405 −0.065 0.026
2.Temperature −0.000 0.027 0.000 1.000 −0.053 0.053
3.Temperature 0.067 0.042 1.600 0.111 −0.015 0.149
4.Temperature 0.022 0.052 0.420 0.675 −0.080 0.123
5.Temperature 0.573 0.163 3.510 0.000 *** 0.253 0.892

1.Weather −0.049 0.020 −2.480 0.013 ** −0.088 −0.010
2.Weather −0.007 0.098 −0.070 0.944 −0.200 0.186

Comment: *** p < 0.01, ** p < 0.05, * p < 0.1.

The influential variables introduced in this binary Logistic regression model are
weight, average rotating velocity, standard deviation rotating velocity, average velocity,
standard deviation velocity, average altitude, altitude change, holiday, temperature, and
weather. The results of the regression analysis are shown in Tables 6 and 7. The Odds
Ratio (OR) value and p value are provided as model performance indicators, and the
Odds Ratio value represents the ratio of the probability of occurrence to the probability
of non-occurrence in the study group divided by the ratio in the control group [33]. The
description of the binary Logistic regression results based in Table 7 is as follows.

For weight, the OR value is 0.046, indicating that when the average value of weight
increases by 1 unit, the probability that the fuel consumption of HDDTs exhibits a high
fuel consumption level increases by 4.6%. This is easy to comprehend. When the vehicle
is heavily loaded, the driving process often requires more fuel [34]. Drivers must not
overload when driving HDDTs to transport goods. It will not only lead to increased fuel
consumption but also violate safe driving regulations.

Regarding average rotating velocity, the OR value is −0.001, indicating that when
the mean of the average rotating velocity increases by one unit, the probability that the
fuel consumption of HDDTs exhibits a high fuel consumption level decreases by 0.1%.
A similar finding has been found in previous studies. When the gear is fixed, there is a
negative correlation between engine speed and fuel consumption [35]. That means for the
drivers, it is necessary to avoid the occurrence of low gear and high speed when driving.
Generally speaking, drivers who drive HDDTs for cargo transportation are professional
and experienced. They usually drive vehicles with matching gears.

The OR value of standard deviation rotating velocity is −0.002, indicating that when
the average value of standard deviation rotating velocity increases by one unit, the proba-
bility that the fuel consumption of HDDTs exhibits a high fuel consumption level decreases
by 0.2%.

For average velocity, the OR value is −0.025, indicating that when the mean of the
average vehicle speed increases by 1 unit, the probability that the fuel consumption of
HDDTs shows a high fuel consumption level decreases by 2.5%. This signifies that when
the average speed increases, the fuel consumption does not increase significantly but shows
a downward trend [36]. Of course, this does not mean that the higher the speed of trucks,
the lower the fuel consumption, but that when the gears are matched, the drivers maintain
a high and stable speed, the corresponding fuel consumption may be steady.
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As for standard deviation velocity, the OR value is −0.012, indicating that when the
average value of standard deviation velocity increases by 1 unit, the probability that the
fuel consumption of HDDTs shows a high fuel consumption level decreases by 1.2%.

Regarding Average altitude, the OR value is 0.001, indicating that when the mean
of the average altitude increases by 1 unit, the probability that the fuel consumption of
HDDTs exhibits a high fuel consumption level increases by 0.1%. According to relevant
studies, vehicles’ fuel usage will increase with altitude [37].

For Temperature, the significant influencing factor at this time is that the temperature
is more than 30 ◦C. The OR value is 0.573, indicating that under other conditions unchanged,
when the driving temperature of HDDTs is above 30 ◦C, the average value of temperature
increases by 1 unit, the probability of fuel consumption showing a high fuel consumption
level increases by 57.3% compared to when the temperature is below 10 ◦C. Usually, when
the temperature is higher than 30 ◦C, the driver chooses to turn on the air conditioner,
significantly increasing fuel consumption. In short, hot weather will make the cars use
more fuel [38].

For weather, the significant influencing factor is that the precipitation is 1–8 mm.
The OR value is −0.049, indicating that under other conditions unchanged when the
precipitation of HDDTs is within 1–8 mm during driving, the average value of weather
increases by 1 unit, the probability of fuel consumption showing a high fuel consumption
level decreases by 4.9% compared to the case of no rain. We can find that a small amount
of precipitation will help the vehicle to save fuel. This is slightly different from previous
research’s results [39]. The reason for this may be that light rain makes drivers more
attentive. The driving process becomes stable, offsetting the positive impact between
precipitation and fuel consumption.

The analysis of the above results indicates eight factors that significantly affect the fuel
consumption of HDDTs in this study. It can be seen they are factors related to the driving
state of vehicles and the environment. For the drivers, the increase in fuel consumption
caused by factors related to the driving state of vehicles can be avoided through the drivers’
intentional learning and attention, such as prohibiting overload and avoiding the vehicle’s
driving state in low gear and high speed as far as possible. However, the impact of
environmental factors on fuel consumption is difficult to be eliminated by manpower.

From the above modeling process of binary Logistic regression, we could see that this
method has higher requirements for data distribution characteristics, leading to a tedious
testing process and more elimination factors. The overall model focused on interpretability.
Therefore, machine learning methods may be used in the following subsections to build
models focused on prediction.

3.2. Machine Learning
3.2.1. Model Training

The author used the BP neural network, CART decision tree, and random forest to
establish the prediction models of fuel used. Although the binary Logistics regression
model had been established in the previous section and the critical factors had been
screened out, it was observed that 21 factors in the data set all affect the generation
mechanism of fuel consumption. Therefore, all the factors were still traversed as the inputs
of the models. A simple logical framework diagram of input/output variables is shown in
Figure 5.

All data were randomly sampled in this paper. The data set was divided into approxi-
mately 80%/20% for training and testing to ensure proper models training. Meanwhile, to
eliminate the calculation bias caused by the randomness of the result of each model, ten
tests were repeated for all models, respectively, and the average of the results of the ten
tests was taken as the final test result. The specific process of one test is shown below.
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We established the BP neural network, including an input layer, a hidden layer, and an
output layer. The package called “nnet” in the R Programming Language for modeling was
utilized. The number of input nodes was 21, and the output node was fuel consumption
classifications. What needs attention is the number of hidden layer neurons. After multiple
iterations of training, the number of hidden layer neurons was determined to be ten
according to the minimum prediction error of the training result [40].

For the prediction model of the CART decision tree, pruning is required when building.
After establishing a fully-grown decision tree in an overfitting state, this research chose
the post-pruning method to prune the tree from bottom to top. The pruning process was
usually carried out by setting the threshold of the complexity parameter (cp). The pruned
decision tree classifier is obtained according to the cp value corresponding to the minimum
relative error [41]. It can be seen from Table 8 that the best choice for cp in the decision tree
is 0.018242.

Table 8. Decision tree model performance (cp = 0.01).

Number cp nsplit rel Error xerror xstd

1 0.064677 0 1.00000 1.00000 0.062374
2 0.044776 3 0.80597 0.93035 0.060744
3 0.024876 4 0.76119 0.95025 0.061223
4 0.018242 6 0.71144 0.92537 0.060623
5 0.014925 12 0.58209 0.92783 0.060822
6 0.010000 15 0.53731 0.93532 0.060865

xerror: x-val relative error.

In the fuel-use model based on random forest, the main parameters affected the model,
including the number of variables randomly sampled when constructing decision tree
branches and the number of decision trees. By manually searching for parameters, the
number of the variables was 21 in this model. The number of trees can be judged according
to the out-of-bag (OOB) error of the model. When the OOB error stabilizes, it is the best
choice [42]. As shown in Figure 6, when the value is 200, the OOB error tends to be
stabilized [43].
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3.2.2. Model Results and Comparison Analysis

Run the trained models. We selected the best one by comparing the prediction accuracy
of each model for fuel consumption. The test result of the above BP neural network model,
CART decision tree model, and random forest model was summarized and compared,
illustrated in Figure 7.
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Detailed contrasts are conducted based on data from Figure 7. The recognition and
prediction performance of the random forest model on the performance level of the fuel
consumption of HDDTs is enhanced and improved compared with the BP neural network
model and CART decision tree model. The prediction accuracy of the CART decision tree
model is only 81.38%, which is far lower than that of the random forest model. This is well
understood. Compared with the decision tree model, the latter can better avoid overfitting,
resulting in improved prediction accuracy. In addition, the partial lack of data is also an
important reason for the low prediction accuracy of the model. The results fully express
that the random forest model is more suitable as a mathematical model established in this
research to identify, classify and predict the fuel consumption of HDDTs.

Based on the above analysis results, this paper chooses a more accurate method for
predicting the fuel consumption of HDDTs, namely the random forest model. The selection
of this method has practical significance, that is, transportation enterprises can accurately
predict the daily fuel consumption of HDDTs in the future by using the established random
forest model. Combined with the analysis results of the binary Logistic regression model,
they can focus on training drivers’ driving behavior to reduce the fuel consumption
of HDDTs.
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4. Conclusions

This paper showed how to make full use of the driving data collected by the fleet
management system to analyze the fuel consumption of HDDTs. This paper used fuel
consumption per 100 km of HDDTs as the dependent variable and extracted 21 influenc-
ing factors from the human-vehicle-road-environment system as independent variables.
These independent variables involved four aspects: vehicle-related, environment-related,
driving-related, and road-related factors, which were combined to explore the generation
mechanism of different fuel consumption during driving.

This study combined traditional statistical methods with machine learning methods.
An explanatory traditional binary Logistic regression model was used to analyze the fuel
consumption data of HDDTs. The model quantified the influential degree of each significant
factor on fuel consumption and the probability of fuel consumption performance. For
example, if the engine revolution speed is too high, the fuel consumption of HDDTs may
also increase, which requires the drivers to try to avoid driving at low gear and high speed.
When the outdoor temperature is high, the fuel consumption will increase accordingly,
etc. According to the machine learning method, the BP neural network model, CART
decision tree model, and random forest model emphasized predictability were established
to realize the classification prediction of fuel consumption. These models were compared
and verified by outputting the prediction accuracy, and the research result highlighted the
superiority of the established random forest model for the prediction of fuel consumption.
The prediction accuracy of the random forest model could reach 86.58%, which could
accurately predict the occurrence of high fuel consumption classification during actual
driving. The main conclusions of this paper can be summarized as follows: first, the HDDTs
load, average engine speed, average speed, altitude, temperature and precipitation during
driving are significantly related to the fuel consumption of HDDTs; second, a random
forest model may be the most appropriate method to predict fuel consumption of HDDTs
in the real driving environment; third, transportation enterprises with fleet management
system can control the driving fuel consumption more strictly according to the arguments
put forward in this paper.

Based on the realistic environment and actual data, this paper explored the generating
mechanism of different fuel consumption performances and the effect of multi-dimensional
factors on fuel consumption. It could provide analytical method reference and data support
for predicting, evaluating, and managing the fuel consumption of HDDTs in medium and
long-distance transportation. This research could also help to realize the goal of reducing
cost and increasing efficiency of vehicle driving, and made particular contributions to
control traffic pollution and reduce exhaust gas.

Due to the cutting-edge and methodological complexity of data mining, there is much
room for further development in this study. In future research, under the premise of
ensuring the reasonableness and accuracy of data, the data collected will be expanded
in type and quantity. The model prediction accuracy will be improved by trying other
data mining methods. This research only focused on the mining and analysis of the fuel
consumption data. In the future, according to the expansion of the sample size, based
on the prediction model and the extracted significant factors, different indicators can be
weighted. The fuel consumption evaluation system of HDDTs can be established to realize
the scientific management of the fuel consumption of HDDTs.
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